ORIGINAL RESEARCH ARTICLE ORIGINAL RESEARCH ARTICLE BACKGROUND: Understanding the validity of data from electronic data research networks is critical to national research initiatives and learning healthcare systems for cardiovascular care. Our goal was to evaluate the degree of agreement of electronic data research networks in comparison with data collected by standardized research approaches in a cohort study.
S
ince the passage of the Health Information Technology for Economic and Clinical Health Act in 2009, the use of electronic health records (EHRs) has become nearly ubiquitous with almost 100% adoption among hospitals and 80% among ambulatory offices. 1, 2 Leading scientific organizations and experts view leveraging electronic data as essential to the future of cardiology research, public health surveillance, and quality improvement initiatives. [3] [4] [5] [6] [7] [8] [9] For example, in April 2017, the American Heart Association published a scientific statement that highlighted the central role of EHR data in learning healthcare systems, care systems in which scientific evidence is applied at the point of clinical care while also generating data for improving healthcare delivery and scientific discovery, for cardiovascular disease (CVD) care. 7 In 2016, the National Institutes of Health and the White House launched the largest national cohort study ever undertaken in the United States. 10 EHR data will comprise a large portion of phenotyping and outcome ascertainment for the one million-plus person Precision Medicine Initiative All of Us Research Program. However, few studies have confirmed or addressed whether electronic data repositories can accurately characterize an individual's health over time.
To better understand the strengths and weaknesses of electronic data research networks and traditional cohorts for the ascertainment of demographics, CVD risk factors, and CVD events, we directly compared individual-level data from HealthLNK, 11 a research database of ≈2.95 million Chicago area residents with extracted electronic data merged from 6 large health systems, to data from MESA (Multi-Ethnic Study of Atherosclerosis), a community-based, CVD cohort. We hypothesized there would be a large amount of discordance for demographics, blood pressure (BP), body mass index (BMI), CVD risk factors, and CVD events between HealthLNK and MESA.
METHODS Sample
HealthLNK Data Repository is a database spanning 2006 to 2012 with data for ≈2.95 million unique patients from 5 academic health systems and a large, county health system in Chicago. 11 These systems comprise ≈42% of the total inpatient beds in Chicago. Analysts at each institution extracted data from their data warehouse based on a specified data model. Data types included demographics, diagnostic codes from inpatient, outpatient, and emergency department encounters, procedure codes, medications, laboratory measurements recorded as structured data, and vital signs data. HealthLNK investigators then, using a secure matching algorithm, 12 aggregated, deduplicated, and deidentified the data. Investigators for MESA, an ongoing community-based, cardiovascular cohort, enrolled 6814 men and women aged 45 to 84 years from 6 US communities from 2000 to 2002. Using the same secure, matching algorithm used to link the HealthLNK institutions, 12 we linked individuals who were included both in the HealthLNK database and enrolled at the MESA Chicago Field Center. The Northwestern University institutional review board approved this study and granted a waiver of consent.
Data Collection

Demographics
In HealthLNK, sex and race/ethnicity were collected as part of routine clinical care without any standard method of collection. In MESA, study researchers collected race/ethnicity and sex via participant questionnaire as part of the baseline examination. In MESA, race and ethnicity were characterized on the basis of participants' responses to the race/ethnicity questions modeled on the year 2000 US Census, whereas in HealthLNK, race and ethnicity (referring to non-Hispanic versus Hispanic) were reported in 2 separate questions. In HealthLNK, only the year of birth was available. In MESA, we only had access to age on the date of examination 4 or 5.
Clinical Perspective
What Is New?
• Data from electronic health records will be essential to the success of national research initiatives and the development of learning healthcare systems for cardiovascular care.
• Little is known about how the quality of data from electronic data sources directly compares with data collected by standardized research approaches.
• This study evaluated the degree of agreement of cardiovascular risk factors and events from electronic data research networks in comparison with data collected by standardized research approaches in a traditional cardiovascular cohort study.
What Are the Clinical Implications?
• We identified areas of agreement and disagreement between blood pressure, cardiovascular risk factor diagnosis, and cardiovascular events between an electronic data repository and a traditional cardiovascular cohort with standardized measurements.
• These findings illustrate the limitations and strengths of using electronic data repositories in comparison with information collected by standardized epidemiological approaches for cardiovascular research, learning healthcare systems, and public health surveillance. Additional details for MESA collection and ascertainment of demographics, laboratory, anthropometric, and CVD risk factors have been previously described. 13 Data from the most recent MESA examination (either examination 4 or 5) were used for ascertainment of risk factor status.
From the matched sample, we applied the following limitations. In MESA, participants had to attend either examination 4 or examination 5 and have data on the risk factor of interest. In HealthLNK, participants were required to have demographics data and at least one other data type required for risk factor ascertainment (encounters, medications, laboratory testing, vital signs).
Cardiovascular Events
The CVD events of interest were myocardial infarction (MI), stroke, and heart failure (HF). In online-only Data Supplement Table I , we summarize the methods for detecting potential CVD events in HealthLNK and adjudicated CVD events in MESA. For HealthLNK, we chose sensitive methods to identify as many potential events as possible. We included diagnostic codes for relevant events in either primary or secondary position and in inpatient or outpatient encounters, recognizing that outpatient encounters likely represented episodes of follow-up for a prior event. These algorithms were adapted from multiple sources. [17] [18] [19] [20] Duplicate potential events within a given month were removed.
Details for event ascertainment and adjudication in MESA have been previously published. 21 In brief, study staff contacted participants every 9 to 12 months, either via phone or during in-person examinations. Trained staff asked participants about all interim outpatient cardiovascular diagnoses, cardiovascular treatments, and hospitalizations. Study staff obtained medical records for all potential events. Two physicians reviewed the medical records of each event independently, assigned event dates, and adjudicated any differences among themselves, or with consultation from the remainder of the events committee when needed.
To determine reasons for discordance between MESA events and HealthLNK potential events, we performed a manual review of selected MESA event files. We reviewed the files for all MESA-adjudicated events from 2006 to 2012 not found in HealthLNK. We next applied criteria with higher specificity to each set of potential HealthLNK CVD events (online-only Data Supplement Table I ). We then reviewed the MESA Chicago Field Center case files to ascertain reasons for discordance. The charts were reviewed by a MESA Chicago Field Center staff member with oversight from 2 study investigators (F.S.A., N.B.A.).
Data Visualizations and Data Quality Checks
We first characterized the HealthLNK data set through a series of analyses and visualizations that enabled us to perform data quality checks. We assessed for data breadth (the types of data for each individual), data plausibility (whether any of the data appeared grossly inconsistent with general medical knowledge about possible values), data missingness (the absence of data for a variable in an observation), and data density (the frequency of observations for an individual).
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Statistical Analysis
Demographics
For sex, we first calculated the percentage of data categorized as other or missing in HealthLNK. Excluding those records, we then calculated concordance rate as the number of participants with the same labeled sex in HealthLNK and MESA over the total number of individuals in HealthLNK labeled as male or female. As with sex, for race/ethnicity we first calculated the percentage of participants in HealthLNK with other or missing values and then excluded those records. We then calculated the concordance rate for race/ethnicity for those with race/ethnicity reported as Hispanic, Asian, white, and black, in HealthLNK and MESA. In HealthLNK, we calculated the estimated age during the year of MESA examination 4 or examination 5. Because we did not have the exact date of birth in HealthLNK, we considered a HealthLNK age concordant with the age in MESA if it were the same value or within 1 year of the MESA age at the time of examination.
Blood Pressure and Body Mass Index
We first identified participants in HealthLNK with at least 1 measurement of BP. We then identified participants in MESA who attended examination 4 or examination 5. We compared the BP value from MESA with the HealthLNK BP value in the nearest month and year to the MESA examination date. If multiple BP measurements were present within nearest month and year in HealthLNK, then the median value was used. If an individual attended both examination 4 and examination 5, we used the data from examination 5 only.
We performed an individual-level analysis by calculating agreement using Bland-Altman plots 24, 25 and correlation using the Pearson correlation coefficient. We used the same methodology for the analysis of the BMI data. We also created fluctuation diagrams 26 as another method to visualize disagreement between HealthLNK and MESA BP and BMI measurements.
CVD Risk Factors
For each CVD risk factor (HTN, obesity, diabetes mellitus), using MESA as the criterion standard, we calculated sensitivity, specificity, and the positive and negative predictive value for the identification of participants in HealthLNK, based on ICD-9 codes only and then based on ICD-9 codes and clinical data. We evaluated the data types in HealthLNK that led to the identification of individuals who met criteria for risk factor diagnosis in both MESA and HealthLNK.
Cardiovascular Events
For each CVD event (MI, stroke, and HF), we generated diagrams for concordant and discordant events. An event was classified as concordant if it was adjudicated by the MESA committee, met criteria in HealthLNK, and shared the same month and year in MESA and HealthLNK. We calculated the concordance rate as the number of concordant events over the total number of adjudicated events identified in MESA from 2006 to 2012. For selected, discordant adjudicated MESA events and potential HealthLNK events, we reviewed Chicago Field Center MESA event files and categorized reasons for discordance.
Sensitivity Analyses
We performed a sensitivity analysis by examining data from individuals who had a BP or BMI measurement within a 1-year window and 3-month window of the date of the participant's selected MESA examination. To evaluate the performance of HealthLNK on a subset of well-phenotyped participants who received regular care at HealthLNK institutions, we reanalyzed data on CVD risk factors for individuals who were seen at least twice within a given year at HealthLNK institutions and had at least 1 record of all available data types used in the HealthLNK CVD risk factor algorithms (encounters, medications, laboratory testing, and vital signs).
RESULTS
Sample, Visualizations, and Demographics
We linked data from 802 individuals in MESA and HealthLNK (Table 1, Figure 1 ). In terms of data breadth (the types of available data), demographic data were available in nearly all participants (96.1%), whereas encounter diagnostic codes, medication data, and laboratory data were available for between 70% and 80% of the sample (online-only Data Supplement Table II) . Only 55.2% of the sample had all types of data available. In terms of data density (frequency of observations over time), 615 participants (76.7%) received care for any type of visit at least 2 times within a given year at HealthLNK institutions.
Demographics
In MESA, sex and race/ethnicity were available for all 802 individuals. In HealthLNK, sex was either labeled as other or was missing for 46 (5.7%) individuals (online-only Data Supplement Tables III and IV) . Of those with a recorded sex in HealthLNK, the concordance rate with MESA was 99.3% (751/756). In HealthLNK, race and ethnicity were labeled as other or missing for 202 (25.2%) individuals. Of those with a recorded race or ethnicity in HealthLNK, the concordance rate with MESA was 98.8% (593/600). For the 715 individuals for whom we had MESA age at the time of MESA examination 4 or 5 and an estimated age in HealthLNK at the time of MESA examination, 99.3% (710/715) were concordant.
BP, BMI, Risk Factors, and Events
Blood Pressure and Body Mass Index
We identified 535 individuals who participated in MESA examination 4 or examination 5 and had matched HealthLNK BP data. The median (interquartile range) months between the MESA examination date and the nearest HealthLNK date (either before or after the MESA examination date) and HealthLNK dates were 6.3 (1.8-17.1) months. Figure 2A shows the agreement in systolic BP between measurements in MESA and HealthLNK on an individual level using Bland-Altman plots. The mean difference for systolic BP for the population is 6.0 mm Hg (95% confidence interval, 4.2-7.8).
There is large amount of variability in the difference between measurements in HealthLNK and MESA across all BP values. In comparison with systolic BP, diastolic BP had lower mean difference (3.5 mm Hg; 95% confidence interval, 2.5-4.4) and similar variability (onlineonly Data Supplement Figure I ). The correlation for systolic BP and diastolic BP between HealthLNK and MESA were, respectively, 0.39 and 0.40 (P<0.0001 for both).
We identified 461 individuals with matched BMI data in MESA and HealthLNK. The median (interquar- Table 2 shows the sensitivity and specificity of HealthLNK algorithms for CVD risk factors in comparison with MESA, the criterion standard in this analysis. Data are shown for ICD-9 codes alone and for ICD-9 codes with clinical data. By using ICD-9 diagnostic codes alone, the sensitivity and specificity of HealthLNK for the diagnosis of HTN were 71.2% (242/340) and 73.0% (214/293). The addition of clinical data (BP and medications) to ICD-9 codes increased sensitivity and decreased specificity for HTN to 82.4% (280/340) and 59.4% (174/293). In comparison with using ICD-9 codes alone, the addition of BMI increased the sensitivity of HealthLNK for obesity from 30.9% (47/152) to 73.0% (111/152) and decreased the specificity from 97.5% (469/481) to 89.8% (432/481). By using ICD-9 diagnostic codes alone, the sensitivity and specificity of HealthLNK for the diagnosis of diabetes mellitus were 77.5% (69/89) and 95.6% (517/541). The addition of clinical data (medications and laboratory values) to ICD-9 codes increased sensitivity and decreased specificity for diabetes diagnosis to 79.8% (71/89) and 93.3% (505/541). Additional details for HealthLNK and MESA CVD risk factor diagnosis comparisons are included in the online-only Data Supplement Tables V through X. Analysis of the data types in HealthLNK that led to the identification of true positive participants with HTN (n=280), obesity (n=111), and diabetes mellitus (n=71) revealed that for HTN, obesity, and diabetes mellitus, respectively, clinical data in the absence of ICD-9 codes led to the identification of 13.6% (38/280), 55.9% (62/111), and 2.8% (2/71) of true positive diagnoses (online-only Data Supplement Tables XI through XIII). Seven MESA-adjudicated MIs occurred from 2006 to 2012, but these events were not captured in HealthLNK because they occurred at hospitals not included in HealthLNK. Two of these occurred in different states. In HealthLNK, we initially identified 63 individuals with potential MIs that were not identified in MESA. Eight of these potential MIs in HealthLNK met the stricter MI definition of inpatient diagnosis codes with or without troponins greater than twice the upper limit of normal. Of these 8 potential events, 3 occurred among MESA participants after they were lost to follow-up, 1 event was not reported, 1 event was reported but records could not be obtained, and an additional 3 events were reported but determined by the adjudication committee as not being a MI and in- 
Cardiovascular Risk Factors
Cardiovascular Events
Sensitivity Analysis
In the sensitivity analysis for BP and BMI measurements, we found that using a more closely matched time window led to a similar amount of agreement (online-only Data Supplement Figures VII and VIII) . In the sensitivity analysis for a limited subset of patients with at least 2 encounters in a given year in HealthLNK and all available data types, in comparison with the main sample in the main CVD risk factor analysis, overall the performance of the CVD risk factor algorithms resulted in higher sensitivity and slightly lower specificity. The sensitivity and specificity for HTN were 95.3% (201/211) and 51.0% (107/210). For obesity, the sensitivity was 85.1% (80/94) and specificity was 86.9% (284/327). For diabetes mellitus, the sensitivity and specificity were 94.4% (51/54) and 92.3% (337/365).
DISCUSSION
In this analysis of data from individuals in MESA, a community-based cohort, and HealthLNK, an electronic research database from 6 health systems, we found differences in individual-level BP, the prevalence of CVD risk factors, and CVD events, and good agreement between BMI measurement, sex, race/ethnicity, and age. To our knowledge, this is the first study to directly compare data from an electronic data research network with data from a large CVD cohort.
By linking to a traditional, epidemiological cohort, this study highlights not only the potential of using data from electronic research networks, but also the need for a better understanding of the validity and data quality of those data. This need is particularly relevant to the success of studies such as the Precision Medicine Initiative All of Us Research Program, 10 other national research initiatives, 27 ,28 the future of CVD epidemiology, [3] [4] [5] and the development of learning healthcare systems. 7 Although several studies have evaluated the different dimensions of EHR data quality and developed EHR phenotyping algorithms, 16, [29] [30] [31] [32] they frequently are from a single healthcare institution and use data from clinical care as a gold standard reference, including paper charts, patient and physician interviews, standardized patient encounters, registry data, and claims data. 23 Fort et al 33 linked EHR data from a single institution to a local community population health survey in New York and found good agreement at the population-level between EHR and a community-based survey for sex, race, BP, and BMI. In our study at the individual level, for sex, race/ethnicity and age, we found good agreement between HealthLNK and MESA after excluding the large amount of missing data, a frequent problem in electronic data repositories. 34 We also found good agreement for BMI between electronic and research-grade data, but a significant mean difference in BP measurements. In light of the large amount of intraindividual variability in BP over time, the variability in measurement techniques, and medical reasons for measurement in healthcare settings, the difference in BP measurement between 2 time points in MESA and HealthLNK is consistent with prior studies. Findings from a single site in the SPRINT trial (Systolic Blood Pressure Intervention Trial) also found similar variability between in-clinic and research-grade measurements within the same day among a smaller, predominantly male sample with chronic kidney disease. 35 These results underscore the challenges of developing risk models using BP measurements from the EHR in contrast to research-grade measurements, which at least remove most of the variability from measurement and setting. The results may also inform (1) the design of next-generation epidemiology cohorts and pragmatic clinical trials that include EHR measurements of BP as part of the study design and (2) the translation of cohort-based risk scores to clinical practice.
Numerous studies have evaluated the validity of administrative data, primarily limited to ICD-9 data, for risk factors and event ascertainment. [36] [37] [38] [39] [40] [41] [42] However, administrative data lack the richness of EHR data, which include anthropometric measurements and diagnostic testing results. In recent years, national research consortiums, such as the eMERGE (electronic medical records and genomics) Network, the National Institutes of Health Collaboratory, and other research groups, have developed, tested, and validated EHR detection algorithms for various CVD risk factors and events, including diabetes mellitus, HTN, HF, and coronary heart disease. 16, 31, 32 Many of these algorithms are developed at a single center, tested at other centers, and adapted if needed. 30 Consistent with prior studies, our results underscore the additive value of clinical data to ICD codes in case detection, especially for obesity, which has previously been reported as underdetected in administrative databases. 43, 44 Of the 3 HealthLNK risk factor algorithms, diabetes mellitus had the best performance. For diabetes mellitus, in contrast to HTN and obesity, clinical data had little additive value over ICD-9 codes alone. The sensitivity analysis of CVD risk factors illustrates that the addition a filter requiring 2 encounters within a year time period and a minimum amount of data type availability increases the sensitivity of EHR risk factor detection algorithms. This finding underscores the importance of defining minimal data requirements over time (data density) or across data types (data breadth) for EHR detection algorithms.
Our findings suggest that accurate event detection in cohort studies and pragmatic clinical trials using clinical data research networks alone may be challenging. Electronic data networks may need to be supplemented with patient-reported data and claims data for better event ascertainment. For example, in ADAPTABLE, a pragmatic clinical trial (Aspirin Dosing: a Patient-Centric Trial Assessing Benefits and Long-Term Effectiveness), investigators are using this 3-pronged strategy to monitor for events. 45 These results also highlight the limitations of event ascertainment in traditional cohort studies, which include participant loss to follow-up, participant underreporting of events, and challenges in obtaining records from healthcare institutions.
Moreover, development of better EHR algorithms to identify and classify CVD events and subtypes is needed. Our algorithm for MI detected 3 potential MI events in HealthLNK that had a secondary ICD diagnosis code for MI, but they were adjudicated in MESA as stroke, HF, and a non-CVD event. Even if for each of these hospitalizations, the treating clinicians or the person responsible for coding considered the patient to have had a MI (such as a type 2 MI), such events may not have met the MESA adjudication criteria for MI, which require a specific combination of symptoms, ECG changes, and biomarkers. Few prior studies on EHR detection algorithms for MI go beyond diagnosis codes to use data such as ECGs, biomarkers, and text extracted by natural language processing. 46 Using diverse data types may lead to EHR algorithms with better detection performance and the ability to classify events based on criteria established in consensus statements, including differentiation between type 1 and type 2 MIs based on the Third Universal Definition of Myocardial Infarction. 47 These results also have important implications for learning healthcare systems for cardiovascular care. In an American Heart Association statement, the writing committee outlined 44 action steps across 3 domains to facilitate the creation of learning healthcare systems. 7 This study highlights the need for further research on the quality of data from electronic sources, the development of better detection and classification algorithms for CVD events using diverse data types, and the incremental value of linking EHR data to other data sources. Moreover, redesigning systems with better usability may facilitate the collection of higher quality and more complete data from patients by clinicians at the point of care.
There are limitations to this study. First, this analysis reflects the experience of a single MESA field center and of the 6 HealthLNK institutions with a sample of 802 individuals; however, HealthLNK may reflect the experience and coverage of many electronic data research networks, especially in urban centers. Second, because HealthLNK was first created in 2010, the data model differs from the current ones. Extraction methods, standards, and data models have evolved, which limits the generalizability of these results. For example, vital sign data were linked by month and year and not by encounter, making it difficult to differentiate outpatient and inpatient measurements. However, we used the median values within a given month and year if multiple were present to address the variability inherent BP measurements. Third, in light of the numerous published algorithms for administrative and EHR data, we could not identify a criterion standard algorithm for each CVD risk factor and event. The definitions were chosen based on a literature review and study team expertise. Last, the impact of our findings regarding CVD events remains unclear given the limited number of CVD events that occurred in this sample from 2006 to 2012.
In conclusion, we found areas of agreement and disagreement between BP and BMI measurements, CVD risk factor diagnosis, and CVD events between a community-based cohort and an electronic data research network. These findings help elucidate the strengths and limitations of using electronic data networks for research in comparison with traditional epidemiological studies and may inform the design of the next generation of cardiovascular epidemiological cohorts and pragmatic clinical trials and the creation of learning healthcare systems for cardiovascular care. Future work is needed to explore how these differences in data sources may impact future studies examining the relationship between exposures and outcomes.
